In this paper, we implement Ant Colony Optimization (ACO) for sequence alignment. ACO is a meta-heuristic recently developed for nearest neighbor approximations in large, NP-hard search spaces. Here we use a genetic algorithm approach to evolve the best parameters for an ACO designed to align two sequences. We then used the best parameters found to interpolate approximate optimal parameters for a given string length within a range. The basis of our comparison is the alignment given by the Needleman-Wunsch algorithm. We found that ACO can indeed be applied to sequence alignment. While it is computationally expensive compared to other equivalent algorithms, it is a promising algorithm that can be readily applied to a variety of other biological problems.
Introduction
Ant Colony Optimization is a meta-heuristic that was developed after studying the behavior of ants and learning how ants were able to solve constraint optimization problems in nature. It was found that ants laid down pheromone trails as they traversed the ground. As soon as a food source was found, the ants would start to wander back along the path that they had traversed to the ant colony. Because the ant who came back first with food would double the pheromone on the trail, the next ant to leave the ant colony in search of food who have a higher chance to take that path because ants will tend to follow trails that have the highest pheromone concentration [1] .
In nature, it was found that this often led to suboptimal solutions. The decay of the pheromone was occasionally not fast enough to cause the ants to seek other solutions; hence, there was a slight propensity to follow the path of the ant that returned back to the ant colony first. In other words, there was too much of a weight on the ant that reached the first food source, because the first food source found was not necessarily the closest food source globally.
In computers, this limitation was easily avoided by adding a pheromone evaporation effect where the ants' pheromones would decrease in concentration as time progressed, preventing the early convergence onto local minimums [5] .
Critical Review
Dorigo, Caro, and Gambardella outlined in their 1999 paper the basic characteristics of the ant algorithm and reported on some of the uses for which it has been tested. They list the ant algorithm as deriving many of its characteristics from real ant colonies. For example, artificial ants, like real ants, are part of a colony of cooperating individuals, and use pheromones to facilitate indirect communication between themselves and other ants. Although each of the individuals in a population is simple and not capable of deriving a good solution to a problem, the population as a whole can come up with a good solution, concept that is now known as swarm intelligence. Both real ants and artificial ants make decisions using local information.
Unlike real ants, however, artificial ants have some abilities that allow them to derive higher quality solutions than their natural counterparts. Artificial ants can keep a memory of past actions. Their methods of pheromone depositing are also different. They may deposit varying amounts of pheromones based on the quality of the solution found and might deposit pheromones after the generation of a complete solution rather than step by step. Other abilities like the ability to look ahead several steps, or to backtrack, can also be added to artificial ants.
The first problem ant algorithms were applied to was the traveling salesman problem (TSP), a commonly researched NP hard problem in which a theoretical salesman has to find the shortest path connecting n cities. Three algorithms based on the ACO meta-heuristic were defined, and the "ant-cycle" algorithm (later called Ant System, or AS), a variation in which the ants deposited pheromone after they finished constructing their solution was found to be the most effective. The ant algorithm performed as well as several other general purpose heuristics on relatively small problems (involving 30 to 75 cities). However, the ant algorithm was not able to come up with the best known solution when it was applied to larger problems, although it was able to find good solutions quickly. Later variations on the AS algorithm, most notably ant colony systems (ACS), were more successful and beat many other heuristics in terms of solution quality and CPU time when run on standard TSP problems.
ACO was next applied to the Quadratic Assignment problem, which involves assigning n facilities to n locations so as to minimize cost. In this case, the ACO algorithms tested are the best available heuristic. ACO has also been shown to be the best available heuristic by far in the sequential ordering problem. Other problems to which ACO has been applied include Job shop scheduling, vehicle routing, graph coloring, shortest common supersequence, connection oriented network routing, and connection-less network routing.
From the results listed by Dorigo et. al, it can be seen that ACO is a valid approach that has been successful for many problems. However, there are some limitations to ACO's potential. First, because of the ant algorithm's random nature, the success of ant algorithms very problem dependent and it is hard to predict what variations on the algorithm will be successful without actually implementing the algorithm and testing it. There are also limitations as to which problems can be solved with ACO. The problem must lend itself to being represented by ants traveling across a virtual space. Each state available to the ant must also not have many neighbor states, as too many neighbor states will minimize the chance of two ants appearing in the same state, and render the pheromone communication worthless.
Design

ACO
We closely modeled our approach after Bottee and Bonabeau's algorithm for solving the traveling salesman problem.
A sequence alignment between two sequences n and m bases long is represented by a n x m Needleman-wunsch scoring matrix. At the beginning of every generation, a set number of ants start at the bottom right corner (which represents the end of an alignment) of the matrix, and traverse the matrix until they reach the beginning of the alignment (when the ant reaches either the top or left edge of the matrix). From any given position, an ant can move in one of three directions: up, left, or diagonally up-left. As is the case with the Needleman-Wunsch algorithm, a move in the former two directions represents a gap in one of the strands, while a diagonal move is either a match or a mismatch.
At every step, the ants use a scoring algorithm to decide what direction to move in. Every direction (up, left, or diagonal) is assigned a score based on the following formula:
Where φ i is the pheromones level for step i in a particular direction, M has a value of 2 if going in that direction will result in a match and 1 if it results in a mismatch, R is the regional weighting score that encourages ants to move toward the diagonal of the matrix, and W φ , W m , and W r are the weights assigned to those values. The ant chooses a number p i . If p i is greater than the parameter p, then the ant simply moves in the direction with the highest score. If p i is less than p, the ant chooses the direction using a weighted probability based on the scores.
After each ant moves, it leaves a pheromone trail according to the formula.
Where φ i is the old pheromone level, phi i+1 is the new pheromone level, and q l is a number between 0 and 1 that represents the local decay of pheromones.
As each ant moves, it also scores its path using a Needleman-Wunsch like scoring scheme that adds points for matches and subtracts points for mismatches and gaps. At the end of each generation, the best path is reinforced according to the formula. where S g is the score of the best path of this generation, and S h is the best score obtained so far overall. The entire matrix also undergoes a global decay:
where q g is the global decay parameter. The simulation keeps on looping through generations until the score for the best alignment converges, or until the maximum number of generations is reached.
Genetic Algorithm
The motivation for using a genetic algorithm is simple: all the parameters above can be approximately determined using a genetic algorithm which evolves for the best set of parameters. Since hand-tweaking of ACO parameters can be a futile exercise and often a waste of time, genetic algorithms provide a convenient alternative albeit it may sometimes be inaccurate. We used a very simple implementation of genetic algorithms to quickly find a set of parameters that were locally optimal at discrete steps of search string length.
At the beginning of every generation, two strings are randomly generated. The first string is the template string which is simply a random string filled with four possible values (0, 1, 2, 3) at every given position. The second string is generated by performing approximately 33% to 66% random mutations of the template string. This includes insertions of a random value, deletion at a given position, and a point mutation of changing one value to another value at a given point in the string. This generation process hopefully produces two strings that are mostly similar but at the same time contain significant differences in their sequences.
Using a fixed string length size for the two similar strings that will be aligned, we evolved a best set of parameters. Table 1 shows the variables and their possible range. We then used a series of string lengths (10, 20, 30, 40, 50, 60, 70, 80, 90, 100) and attempted to evolve the best set of parameters for each of these parameters.
In calculating the output of the ACO given a set of parameters, we first showed empirically that the distribution of scores followed a normal distribution. This allowed us to easily throw out the data points that were outside x ± σ and calculate a corrected mean (x corr ) during the evolution of the parameters. This prevents random extreme values from affecting the mean and is a valid procedure after verifying that the output from the ACO is normally distributed. We also measured the total time to run all the trials of for each parameter (t trials ). Using these two variables we can assign a score to each parameter (P i ) 1 :
Using this scoring function, we were able to make a relative ranking of the current population of the highest scoring parameters. We then kept the top 1% of the population as "parents." The next generation was then generated using various parents and copy mutations (see Appendix to see the actual implementation of the genetic algorithm).
Several runs for each string length was preformed, in hopes of finding a set of parameters that came up often which would represent a locally optimal solution. After the best parameters for each of the strings were found, we can interpolate and approximate the best set of parameters for any string length up to a length of 100 characters.
Results
Ant Colony Optimization Results
Using the same string generators for the genetic algorithm, a string length of 50 was set. Then a random set of parameters were chosen. Afterwards, the ACO was run with these parameters and the chosen strings for 100 repetitions. The outputting scores were then gathered and compiled into a histogram. This process was repeated several times. Figure  1 shows one such histogram. All of the outputs from the ACOs followed a similar distribution to the one shown in Figure 1 .
Hence we were able to conclude that to a first order approximation, we can expect the ACO output to be normally distributed. Given that the distribution is normal, we use this knowledge to save time during the genetic algorithm run and to make a good approximation of the mean score given by a set of parameters as was shown above.
Genetic Algorithm Results
We explored the range of 10 -100 characters for the string length. Our genetic algorithm probed this string length range by attempting to find the best set of parameters in 10 character increments: we ran a separate genetic algorithm for the string lengths 10, 20, 30, 40, 50, 60, 70, 80, 90, and 100 characters. Each of these string lengths were run multiple times with a population of 500 parameter sets, and the genetic algorithm was stopped after the population had reached an equilibrium for about 10 generations. Figure 2 and Figure 3 show the trends for each of the variables.
2 It is clear from these trends that most of the variables follow a linear trend. The only exceptions are g and a which both seem to require a lower limit and then proceed to grow starting at 80 string length. (There is not enough data to support what kind of growth the trend follows.) All other variables increase linearly, decrease linearly, or remain constant.
Using these variables we were able to interpolate values for any string length between 10 to 100. Using this system of approximation, we were able to design an optimized form of the ACO implementation that first calculated approximate optimal values for the parameter set and then runs the ACO on the input strings.
Optimized ACO Results
Using the parameter set given above, we modified our ACO implementation to use the parameter table and interpolate approximately optimal parameters for a given input string (See Appendix A for the actual implementation). We provide here some of the sample alignments outputted by our implementation and compare them to the NeedlemanWunsch sequence alignment.
We divide the category of pairs of sequences into one of three types: highly similar (Type I), unalignable (Type II), and in between (Type III). This provides a qualitative basis for comparison between the Needleman-Wunsch and our ACO implementation.
To test highly similar pairs of sequences, we choose sequences that were nearly the same. Thus Type I alignments 
provided a sanity check to make sure that the our algorithm did indeed provide a satisfactory alignment.
In testing unalignable pairs of sequences, we choose sequences that were reversed of each other and no character appears twice in these sequences. Type II alignments provide a test to see how the ACO deals with pairs of sequences that it had not evolved to handle.
In order to test Type III, we generate a pair of sequences in the similar manner as we did during the evolutions of the parameters for genetic algorithms. Theoretically, it is these sequences that should provide the most interesting alignments. Table 2 shows an example alignment for each one of these categories. There is not an objective measurement that would provide a quantitative degree of similarity between the alignments, hence we only provide a representative alignment of each of the categories instead. 
Discussion
Analysis
At first glance, Table 2 provides some very promising results. It shows that the ACO actually preforms at a level of reaching nearly the mathematically optimal solution. In Type I, the alignments are exactly the same. For Type II, the ACO alignment is suboptimal compared with the NeedlemanWunsch because there is an extra gap that is not necessary. For Type III, the alignment is again nearly optimal: the main difference comes at the beginning of the alignment where the ACO could have made an extra match. It is interesting to note that on several other alignments, the main difference between ACO and Needleman-Wunsch comes at the beginning, a matter that we will address later. Hence even from a completely qualitative standpoint, it can be said that the ACO does provide satisfactory results. While it can not be considered to be faster or more efficient than Needleman-Wunsch, it can, nevertheless, be applied to sequence alignment.
Conclusion
As the results of the optimized ACO runs have shown, the ACO algorithm is a powerful algorithm that can be readily applied to sequence alignment. While it is true that this particular implementation of the ACO with respect to sequence alignment is not algorithmically faster or more efficient than the Needleman-Wunsch dynamic programming equivalent, the purpose of this paper was to show that the ACO is a viable algorithm that can be used to solve computational biology problems perhaps more efficiently when searching an NP hard search space. Some problems and sources of error were encountered during the course of experimental runs of our implementation. We realize that there is an error in our genetic algorithm in that we should have optimized for high scoring consistency and low run time instead of optimizing for high average score and low run time. This produced parameter sets for the ACO that were suboptimal for the problem that we were addressing. Due to the time constraint of the project, we were not able to fix this issue in time for the deadline.
Also, the higher string lengths such as the 90 and 100 case were based on data that was not completely reliable in that we did not have enough time to run the genetic algorithm multiple times with many generations due to the highly computationally expensive nature of this algorithm. This produced possibly suboptimal parameter sets for these string lengths and hence cannot be as well trusted as the parameter sets generated for the lower part of the string length range.
Finally, we realize that genetic algorithms have the danger of producing suboptimal results, but we are confident in the results we have obtained because multiple runs of the genetic algorithm for a given string length gave results that were very similar to each other, an indication that the parameter sets generated were indeed near the global optimum.
A few improvements could be made to the ACO implementation for sequence alignment as well. The way that it is currently implemented, there is a limitation in the accuracy of the outputted alignments. The ants crawling up from the bottom right of the scoring matrix to the upper left cause alignments to be very accurate at the beginning of the traversal but not at the end of the alignment since the paths of the ants will diverge towards the end. This limitation can be easily overcome by adding an additional feature of having non-scoring ants dropped in random places on the scoring matrix. This way, areas around where the ants were dropped will have better alignment paths for when the scoring ants which started in the lower left corner reached the paths that were reinforced by the non-scoring ants. If local alignment is desired, then the random ants can be simply considered to be scoring.
In conclusion, we found that the ACO algorithm is an algorithm that can be used to solve biological problems. While in this case, it is not necessarily better than the existing algorithm for two sequence alignment; we are confident that the ACO can be readily adapted for much more complicated problems such as Multi-Sequence Alignment (MSA). In this case, the search space is much larger and the Needleman-Wunsch algorithm is out of the question; hence, a good adaption of the ACO meta-heuristic might provide a solution that rivals even the fastest MSA implementation today. Additional applications of ACO to biological problems could be such problems as clustering or even an ACO adapted algorithm for protein folding.
Contributions
Thanks to Qian Zhang for his suggestions on ways of improving our algorithm. To Charles Duan for helping us with L A T E X. To the Harvard NICE computing environment. To our TF, Jon Radoff for answering our never-ending questions. And to Professor Church for his instruction of this class. #Reinforce the best path again based on how good it is. I'm 305 #using < rather than <= because the last direction is undefined. #Decide whether we're gonna decide the direction based on the best 506 #score, or based on a weighted probability. 
